Abstract-An RNA pseudoknot consists of nonnested double-stranded stems connected by single-stranded loops. There is increasing recognition that RNA pseudoknots are one of the most prevalent RNA structures and fulfill a diverse set of biological roles within cells, and there is an expanding rate of studies into RNA pseudoknotted structures as well as increasing allocation of function. These not only produce valuable structural data but also facilitate an understanding of structural and functional characteristics in RNA molecules. PseudoBase is a database providing structural, functional, and sequence data related to RNA pseudoknots. To capture the features of RNA pseudoknots, we present a novel framework using quantitative association rule mining to analyze the pseudoknot data. The derived rules are classified into specified association groups regarding structure, function, and category of RNA pseudoknots. The discovered association rules assist biologists in filtering out significant knowledge of structure-function and structure-category relationships. A brief biological interpretation to the relationships is presented, and their potential correlations with each other are highlighted.
INTRODUCTION
A CCURATELY predicting the functions of biological macromolecules is one of the biggest challenges in functional genomics. Whereas the protein folding problem is difficult because the local secondary and nonlocal tertiary contacts both contribute to the stability of the final native folds in RNA, it is the secondary structure (base-pairing interactions) that has more influences on the final fold rather than tertiary contacts. Thus, studies of structural information on RNA can be an alternative to understand structure-function relationships in biology.
RNA molecules play a central role in a number of biological functions within cells, from the transfer of genetic information from DNA to protein, to enzymatic catalysis. To fulfill this range of functions, a simple linear nucleotide string of RNA including uracil, guanine, cytosine, and adenine, forms a variety of complex three-dimensional structures. One of the most prevalent structures adopted by RNA molecules is a commonly-occurring structural motif known as the pseudoknot that was first recognized in the turnip yellow mosaic virus in 1982 [25] .
A pseudoknot is an RNA structure that involves base pairing between a loop, formed by an orthodox secondary structure, and some region outside this loop [37] . Although several distinct folding topologies of pseudoknots exist, the simplest or classical pseudoknot is the H-pseudoknot (Fig. 1a) that is formed by the pairing of a region in the hairpin loop with the bases outside the hairpin. The H-pseudoknot minimally consists of two stems (stem 1 and stem 2) and two loops (loop 1 and loop 2). If the two stems form a quasi-consecutive helix, the base stacking at the junction becomes possible; otherwise, an additional loop (loop 3 in Fig. 1b ) might be created. The single stranded loop regions may contain hundreds of nucleotides and often interact with adjacent stems, and hence, a relatively simple fold can yield complex and stable RNA structures. Moreover, due to the variation of the lengths of loops and stems and their base composition, as well as each other's interactions, pseudoknots show a diverse set of roles in biology. Thus, a comprehensive understanding of the functions of RNA molecules requires knowledge of their structures.
RNA pseudoknots are viewed as essential elements of the topology of many structural RNAs such as ribosomal RNAs or ribozymes. They have been found in most organisms and comprise functional domains within ribozymes, self-splicing introns, ribonucleoprotein complexes, viral genomes, and many other biological systems [1] , [10] . The in-depth knowledge of a psuedoknot's structure provides a better insight into understanding their psuedoknot's functions in varied organisms.
Studies of molecular RNA previously focused on the prediction of RNA secondary structures [4] , [41] by using comparative RNA analysis [15] , [26] , [27] or approximating the free energy of any given structure [35] . Many techniques using the Tinoco model [19] , [40] or thermodynamics-based energy minimization algorithm [41] such as well-accepted parameters of Turner et al. [14] , aim to discover the structure of optimal score.
Regardless of continued work to increase the prediction accuracy [5] , [18] , [32] by improving on the parameters, the accuracy of predictions using the Tinoco model can never reach 100 percent and the constraint on nested secondary structures is applied. However, the problem of RNA structure prediction can be attributed not only to inaccurate thermodynamic parameters but also pseudoknot formation. Although more than 95 percent of the base pairs do not contain any pseudoknots at all, nearly all RNA molecules have one or more pseudoknots. As a result, there have been multiple known algorithms to predict RNA pseudoknots, such as heuristic modelling [11] and RNA sampler [38] for generating accurate structural information in RNA molecules.
PseudoBase [23] is the only online database containing structural, functional, and sequence data of RNA pseudoknots, allowing us to investigate deeply into structurefunction relationships in RNA molecules. Unfortunately, the analysis of this valuable data set is underdeveloped due to the difficulty in modeling and complexity in computing. It is difficult to predict structural and functional features of pseudoknots by only analyzing individual experimental results. Thus, association rule mining that has been successfully used to discover valuable information from a large amount of data [39] can be used to analyze this data set.
Recently, many applications using data mining have been reported in analyzing various biological data sets [6] , [7] , [8] . Most of them [16] , [31] , however, show limitations in handling the data with multivalued variables including categorical multivalued valuables (such as color {red, blue, green}) and quantitative multivalued variables (such as weight { [40, 50] , [50, 75]}). A model is proposed in [39] to identify quantitative association rules, in which the domain of multivalued variables is partitioned into intervals. An association rule is represented as X ) Y along with a conditional probability matrix M Y jX according to Bayesian rules.
In the present study, we develop a framework to identify potential top-k covering rule groups in RNA pseudoknots, including the relationships of structure-function and structure-category and significant ratios of stems and loops. The relationships are captured by using an intuitive conditional probability matrix. It allows users to regulate k and the minsupp threshold and compare between rules in the same group. The domain of quantitative attributes is divided by a novel point-based partition schema. Further, the performance evaluation demonstrates the advantages of our miner in handling high dimensional data. The results by 0.1 (minsupp) in contrast to the results by 0.2 are presented in the analysis. The identified distributions (sizes and nucleotide composition) of stems and loops indicate the interactions between loops and stems and account for the reproduction of a variety of pseudoknots. In particular, the identified ratios imply the role of pseudoknots in the promotion of function efficiency. We also observe that there is discipline of sizes and base composition (stems and loops) in specific organisms. A brief interpretation of the obtained rules is presented. Furthermore, a deep study builds connections between these rules and enhances the understanding of structure-function relationships in RNA pseudoknots of various organisms.
MOTIVATIONS
Traditional association rule mining has been widely and successfully used to identify frequent patterns from general data sets. However, it is unfit for the data that contains multivalued variables [39] . It has been argued that the former mining approach depended on two thresholds and a conditional probability matrix can be helpful for association studies due to its impressive expressiveness. However, if the item variable X impacts on variable Y at only a few point values, item-based association mining and quantitative association rule mining may be more appropriate and efficient than this method.
The previous techniques can only identify rules among simple variables, such as tea ! sugar or state ! united. They have limitations in discovering rules among multivalued variables from large databases and for representing them. For example, in Fig. 1 , stem and loop are categorical multivalued variables. They have a range of categories of {stem 1, stem 2} and {loop 1, loop 3}, respectively. The sizes of stems and loops are quantitative multivalued variables that are represented as a collection of intervals such as {(0, 1], (1, 2] , (2, 3] }. The size distribution of stems and loops are discrepant. For example, the size of stem 1 in PseudoBase varies between 0 and 22 only, whereas the size of loop 3 is between 0 and 890. Thus, it is necessary to generate a common partition. Therefore, this urges us to develop new methods to address the relationships among these multivalued variables.
Usually, we may obtain a number of rules in traditional association rule mining. However, it is not easy to sort those rules that are ranked higher than the others. Furthermore, some interesting rules might be missed or redundant rules were generated due to an inappropriate threshold. Thus, this paper extends and adapts traditional association rule mining by representing a rule as the form of X ! Y in conjunction with a probability matrix M Y jX in terms of Bayesian rules. A high-dimensional dataset can result in many redundant rules and long mining process [8] , and makes it difficult to sort out interesting information from databases. These challenges block the analysis of the pseudoknot data. To address this critical problem, we propose a novel mining method to identify the most significant top-k covering rule groups. As mentioned in [8] , it is easier and semantically clearer to choose k than minimum confidence. Moreover, it avoids missing interesting rules and generating too many redundant rules. A natural alternative to our model is to set different values of k, and compare each other's results.
MATERIALS AND METHODS
Pseudoknot Data. Suppose S 1 , S 2 , L 1 , L 2 , and L 3 represent stem 1, stem 2, loop 1, loop 2, and loop 3, respectively; A, G, C, and U represent base adenine, guanine, cytosine, and uracil, respectively; the abbreviation vr, vt, vf, v3, v5, vo, rr, mr, tm, ri, ap, ot, and ar, denote viral ribosomal readthrough signals, viral tRNA-like structures, viral ribosomal frameshifting signals, other viral 3 0 -UT R, other viral 5 0 -UT R, viral others, rRNA, mRNA, tmRNA, ribozymes, aptamers, artifical molecules and others, respectively; and ss, tc and fs represent self-splicing, translation control and viral frameshifting, respectively. Let uppercase X and Y be multivalued attribute valuables, lowercase x and y be items, p(X) be the probability of some event X and p(Y jX) be the conditional probability of some event Y , given the occurrence of some other event X, and minsupp be the minimum support in the context.
The data here is collected from PseudoBase that includes the whole pesudoknot data from the publications in Medline, and can be reached at http://wwwbio.LeidenUniv.nl/ Batenburg/PKB.html. Originally, each pseudoknot is recorded by 12 data items, such as PKB number, EMBL number and reference, whereas some of them are not useful for data mining application. Thus, only organism, RNA type and bracket view of structure are considered in this paper. Furthermore, the structural information is classified by two stems and three loops, including their corresponding nucleotide sequence and size.
After removing eight unusual pseudoknots, seven reductant pseudoknots [1] , and five pseudoknots that have loop lengths ! 200, a data set consisting of 225 H-pseudoknots is obtained. Within the 225 unique H-pseudoknots, 170, or 76 percent, have
In particular, loop 2 is ignored here since the most studied type of pseudoknot is with coaxial stacking of stems so that loop 2 is absent. Table 1 presents an example of the structures, classes, and functions of pseudoknots in PseudoBase. Each row in the table represents an RNA pseudoknot. The nonnegative integers denote the number of nucleotides. It can be seen at http://www.deakin.edu.au/~qifengch/rna/pesudoknot/ pseudoknot.zip in more details.
Partition of Attributes. Suppose {class, function, stem, loop, base, ratio, length} denotes the domain of attributes of PseudoBase. The first six elements are viewed as categorical attributes, and the last one is a quantitative attribute. We thus propose a novel partition in conjunction with the properties of pseudoknot data and top-k rule groups. A categorical attribute has a number of categories, such as hair color including blonde, brown and black. According to the specification in PseudoBase, the partition of domain of categorical attributes class, function, stem, loop, base, and ratio is defined as follows:
. class ¼ fvr; vt; vf; v3; v5; vo; rr; mr; tm; ri; ap; ot; arg, . function ¼ fss; tc; fsg,
Unlike the categorical attributes, the domain of quantitative attribute has to be partitioned into intervals. The partition usually needs to determine 1) the number of intervals and 2) the size of each interval. Although PseudoBase provides an initial partition of base length for each stem and loop, they are actually inconsistent with each other. For example, in the initial partition, (14, 15] is included in stem 1, stem 2, and loop 1 but not in loop 3. Nevertheless, as mentioned in [39] , a unified partition is required to generate the probability matrix.
The equidepth partitioning model proposed by Agrawal [31] is an alternative method for causality mining. The number of partitions is defined as Number of Intervals ¼ 2n mðKÀ1Þ , in which n represents the number of quantitative attributes, m represents the minimum support, and K represents the partial completeness level. However, it is inappropriate for sparse data sets and might include much unnecessary information. Thus, traditional partition of Definition 3.1. Suppose a quantitative attribute y is divided into a set of intervals {y 1 , . . . , y n } (called base intervals) using the categorical item x i such that for any base interval y j , y j consists of a single value for 1 j n.
. jy i j ¼ 1, 1 i n, and . for 8l 6 ¼ k, and 1 l, k n, y l \ y k ¼ ;.
Suppose y 1i ; . . . and y mi represent the partition using the categorical item x i in ascending order of their maximum sizes. The partition starts from the categorical item with the minimum of maximum sizes, and integrates it with the next one until all items are gone through. The partition using x i is defined as {(y 1i , max(y 2i )]; . . . ; (max(y mÀ1i ), max(y mi )]}. Table 2 presents the distribution of sizes of stem 1 and stem 2 of pseudoknots in PseudoBase.
The initial partition for each attribute variable actually comprises a collection of ranges. It simply includes one element in each range since each point-value may imply an important structural feature of pseudoknots. For example, according to Definition 3.1, the partition starts from stem 1 and is presented in Table 2 as (2, 3] , (3, 4] , (4, 5] , (5, 6] , (6, 7] , (7, 8] , (8, 9] , (9, 10] , (10, 11] , (11, 12] , (12, 13] , (13, 14] , (14, 15] , (15, 16] , (16, 17] , (17, 18] , (18, 19] , (19, 20] , (20, 21] , (21, 22] }. Nevertheless, it is observed that (19, 20] and (20, 21] are not recorded with stem 1. They will be combined with (21, 22] if we cannot find them in the partition of other attribute variables. Thus, the final partition needs to consider all attribute variables and integrate their partitions together.
. . . , y niþ1 } are two adjacent partitions. Let Y ¼ ;. The integration of them is defined as
; where x c is the closest point value to x that includes one element in the range, and max() represents the function of maximum. There might be more than one categorical item that has the equivalent maximum size with one another. In this extreme case, it will be reported to the user, rather than selecting them randomly. Suppose Y ¼ {y 1 ; . . . ; y k } is the final partition after integration. The partition y k might be a large interval that includes unfrequent or missing structures (no record). For example, there is just one record of stem 1 of size 22 and there is no record of stem 1 from size 20 to 21 at all. In that case, it is reasonable to combine these point values to a partition instead of listing all of them one by one.
In a similar manner, we can obtain the partition for stem 2 as Y 2 ¼ {0, (0, 1], (1, 2] , (2, 3] , (3, 4] , (4, 5] , (5, 6] , (6, 7] , (7, 8] , (8, 9] , (9, 10] , (10, 11] , (11, 12] , (12, 13] , (13, 14] , (14, 15] , . . . , (31, 32] , (32, 33] }, where 33 denotes the maximum size of stem 2. This will be integrated with the partition of stem 1 in terms of Definition 3.2. As a result, the integrated partition of Y 1 and Y 2 is {0, (0, 1], (1, 2] , (2, 3] , (3, 4] , (4, 5] , (5, 6] , (6, 7] , (7, 8] , (8, 9 ], (9, 10], (10, 11] , (11, 12] , (12, 13] , (13, 14] , (14, 15] , (15, 16] , (16, 17] , (17, 18] , (18, 19] , (19, 22] , (22, 33] }.
The partition scheme of length in this study adopts the point-based decomposition of quantitative attributes. In the similar way, we can generate partition for loop lengths. In comparison, the values of ratio attributes are positive real numbers rather than integers. Thus, the condition jy i j ¼ 1 in Definition 3.1 needs to be changed to jy i j ¼ 1 or jy i j ¼ 0:5. Accordingly, jxj ¼ 1 and jx c j ¼ 1 in Definition 3.2 are changed to jxj ¼ 1 and jx c j ¼ 1 or jxj ¼ 0:5 and jx c j ¼ 0:5. These aim to avoid missing interesting knowledge.
Generation of rule groups. Based on the partitioned variables, we then work out the conditional probabilities for X and Y in the probability matrix below. Therefore, we can determine the conditional probability of Y ¼ y i , given
For example, x and y represent stem 1 of pseudoknots, and the size interval (3, 4] of stem 1, respectively. By Table 2 , we have n ¼ 225 and pðx ¼ stem1Þ ¼ 225=225 ¼ 1. Additionally, the number of pseudoknots containing stem 1 with four nucleotides is equal to 42, and we have p(y ¼
As a result, we are able to compute the entire conditional probabilities of stem 1, namely [p(y 1 jstem 1) p(y 2 j stem 1) . . . p(y n j stem 1)], where y j denotes the jth size interval by partition.
In a similar manner, the conditional probabilities of stem 2, loop 1, and loop 3, can be computed. Thus, we have We can generate other matrixes in terms of different associations. As mentioned above, there must be enough point pairs (x i , y j ) in the conditional probability matrix M Y jX that satisfy the conditions of valid rules. In contrast to traditional minimum confidence, this paper uses a flexible way to allow users to have the ability to control the number of rules in each rule group.
Suppose M Y jX corresponding to an association AS consists of a set of rows {r 1 , . . . , r n }. Let A ¼ {A 1 , . . . , A m } be the complete set of antecedent items of AS, and 
PS(x)} be a rule group with an antecedent item x and consequent support set C.
It is observed that the rules from different rule groups might have different supports and confidences. Moreover, there might be different numbers of valid rules derived from different groups. The top-k covering rule groups are thus applied to encapsulate the most significant association of the data set while enabling users to control the number of rules in a convenient manner. Example 3.1. In Table 2 
RESULTS
To identify top-k covering rule group, we need to set up the values of parameters. According to the assumed associations, k max1 ¼ 46 is the maximum of k of the size domain. According to Definition 3.1, we have k max2 ¼ 8 for the association of base composition. In a similar way, we have k max3 ¼ 27 for the association of ratios between stems or loops. We can obtain different numbers of rules by regulating the values of k 1 k max1 , k 2 k max2 , and k 3 k max3 . The interesting rules will be determined by k 1 , k 2 , or k 3 in combination with the specified minimum support.
After partition, we need to construct the matrix in terms of the conditional probability of point pairs, such as (stem 1, (0, 1]). Each association AS i consists of jAj Â jCj initial rules, in which jAj and jCj represent the size of the antecedent item set and consequent item set of AS i , respectively. Nevertheless, not all of them have prominent statistical significance. Moreover, searching in a large number of uninteresting or redundant rules may result in excessive and expensive computation. Thus, top-k covering rule groups are used to search for the dominant rules and brought into comparison with other rules in the same group.
In practice, we may need to vary minsupp and k in terms of different associations. For simplicity, we only discuss the results by k ¼ 4 in this paper. Moreover, given k, we compare the difference in case of varied minsupp.
By comparison, we observe that there is no sharp drop in rule output when assigning the minsupp from 0.1 to 0.2. Thus, the corresponding results by 0.1 in contrast to the results by 0.2 are selected in the following analysis. Based on the selected k, there are 13 rules in AS 1 (sizes of stems and loops) and 16 rules in AS 2 (base composition of stems and loops). Moreover, AS 3 (classes and sizes), AS 4 (classes and base composition), AS 5 (functions and sizes), AS 6 (function and base composition), and AS 7 (ratios of stems and loops) consist of subassociations in terms of different classes and functions of pseudoknots. Table 3 presents a random example of the significant ratios between stems and loop 3. The distribution of stem 1/ loop 1 and stem 2/loop 1, stem 1/loop 3 and stem 2/loop 3, and stem 1/stem 2 and loop 1/loop 3 is shown in Fig. 2, Fig. 3 , and Fig. 4 , respectively. Such structure features have not been reported before and may play an important role in prompting the efficiency of functions.
Moreover, we also identify some new correlations that have been unknown previously. Table 4 shows the rule groups about functions, including self-splicing, translation control, and frameshifting, and Table 5 presents part of the rule groups about pseudoknot classes.
The derived rules assist us in understanding the structure-function relationship in pseudoknots. The rule groups not only confirm the previously observed results (AS 1 ) in [1] but also discover interesting pseudoknot properties such as AS 3 , AS 4 , and AS 7 that have not been reported before.
The details can be seen in the following interpretation. As for the other rule groups, such as the rules regarding pseudoknot functions, the details can be reached by http://www.deakin.edu.au/~qifengch/rna/pseudoknot/ causality.zip.
Performance evaluation. In contrast to data mining, there are some inherent limitations to Bayesian methods, including computational complexity and the quality and extent of the prior beliefs. It is only useful as this prior knowledge is reliable. Thus, the Bayesian method is assumption-driven in the sense that a hypothesis is formed and validated against the data. However, the learning of prior belief is an NP-complete problem in case of enormous dataset. The structure-function correlations are usually hidden in pseudoknot data with multivalued variables. These prevent us from obtaining reliable prior knowledge. Furthermore, some associations are not obvious (undetermined) and might be ignored from the assumption. This may result in missing interesting knowledge of RNA pseudoknots. Therefore, we turn to association rule mining, a data-driven method, in terms of the available pseudoknot data and the potential structure-function correlations commented on by our collaborators.
All tests reported herein were performed on a 1.86 GHz Intel Core(TM)2 PC. The parameters including applicability, Top-k rule group, minsupp, frequent patterns and CPU Times(s) are selected as the comparison metric, so as to assess the efficiency of algorithms while using the same data set. The comparison is implemented among three related algorithms. Although there may be other algorithms such as FPtree [17] to identify associations, they are not included since they are inappropriate to identify rule groups.
Our miner (kTOP) extends the Local Causal Discovery (LCD) method [9] to discover association rules among multivalued variables from PseudoBase. Moreover, we adapt the proposed method in [39] using top-k covering rule group instead of enumerating all potential correlations. This is able to avoid not only the huge number of rules owing to the high-dimensional pesudonkot data set, but also a long mining process due to large number of rules. Table 6 shows a performance comparison between our miner and algorithms LCD [9] and PPM (Probability Partition Matrix) [39] . In the comparison, we identify the Table 6 include all possible rules in theory. Some of them can be pruned if the minimum support or k is applied.
The comparison shows that kTOP has better performance than LCD and PPM methods, and can still have a short process for a small minimum support. In Table 6 , the number of obtained frequent patterns from kTOP is 16 in comparison with the number (varied from 19 to 49) of PPM even using a small minimum support. The derived patterns assist in understanding structure-function relationships in RNA pseudoknots. The relevance of the obtained rules to the problems that need to be solved are described in the late interpretation and Section 5. Thus, kTOP assists biologists in sorting out the most significant or interesting biological knowledge. From the observation, both LCD and PPM show limitations in high-dimensional data, which may lead to the long process and huge number of rules even with rather high minimum support and confidence threshold. kTOP has almost the same running time as PPM in case of the low-dimensional data and a low-level minimum support within [0.01, 0.05], but shows an acceleration when a high-dimensional dataset is used.
As mentioned above, this paper uses a point-based decomposition for quantitative attributes in contrast to the optimization-based partition of PPM [39] . The latter has to find the bad quantitative items that result in missing valid rules, decompose these item variables, and compose the good item variables. This is complex because it aims to find an optimized partition for the domain of all attributes (categorical and quantitative). However, the categorical attributes in pseudoknot data are already partitioned. Thus, the partition of categorical attributes in PMM should be ignored to deal with the pseudoknot data. However, even so, PMM may generate reductant rules or miss interesting rules. In terms of the personnel data set at a university [39] , the domain of Education can be divided into {Doctor, Master, UnderMaster} or {Doctor, Master}. We use the same configuration of minsupp = 0.6. In either cases, kTOP can obtain the same results by regulating k. However, the rule Education = Doctor ! 2,100 Salary < 3,500 is removed by PMM but reserved by our miner. The top-k rules enable a flexible comparison between rules in the same group.
The miner kTOP requires users to specify the minimum support threshold and the number of top covering groups, k, only. Such improvement is useful because it is not easy to select an appropriate confidence threshold while the choice of k is semantically clear. It provides users the flexibility to control the output and balance between two extremes [8] . Usually, only a rule from each row can be obtained by the rule induction algorithms like a decision tree, which could miss interesting rules. And, too many redundant rules covering the same rows can be found by traditional association rule mining algorithms. Moreover, our method includes some extra processes to facilitate the identification of association rules. The experiments found a number of interesting rules regarding structure-function relationship of pseudoknots. Most of them were unknown previously. These can benefit in the understanding of the occurring structure motifs in RNA, such as RNA folding, and a Interpretation. Table 7 presents a subset of the originally derived association rules by using 0.1 (minimum support) and 4 (number of top covering rule). The rules are selected from rule groups and have dominant support in each subgroup. For example, rules 1 and 2 are from AS 1 and present the top-2 rules in the subgroup with respect to the length of stem 1; and the rules 6, 7, 8, and 9 are from AS 2 and indicate the most significant rules of the subgroups regarding adenine, guanine, cytosine and uracil, respectively.
These rules not only present that in most of simple pseudoknots their stems and loops favor different numbers of nucleotides and different base compositions, but also indicate that potential associations may exist between category and pseudoknot structure, and between function and pseudoknot structure. Moreover, several significant ratios regarding stems and loops are reported. For example, rule 12 shows that in most of cases, the number of nucleotides of pseudoknot of mRNA (messenger RNA that is transcribed from a DNA template, and carries coding information to the sites of protein synthesis: the ribosomes) may peak at six base pairs. In a similar manner, the remaining rules in Table 7 can be interpreted. The rules, in fact, unveil the structural features of RNA pseudoknots and potential structure-function relationship.
The rules about AS 1 and AS 2 demonstrate previous work in a more comprehensive and accurate way. Especially, the rules (AS 3 , AS 4 , AS 5 , AS 6 , AS 7 ) that were unknown previously will be highlighted, and specific comparisons will be conducted between stems, between loops, between different classes, and between different functions, respectively.
Moreover, this paper provides a novel facility to predict some potential correlations by combining several association rules together, which can be left for biologists to examine in the future experiments. By doing so, it is able to generate new biological knowledge. Some recent studies [21] , [33] also mention such information but do not provide semantically clear interpretation for the potential correlations.
Looking at rule 1, rule 3, rule 4, and rule 5, there are discrepant leading numbers of nucleotides between stem 1 and stem 2 and between loop 1 and loop 3. These characteristics (asymmetry) may arise from the difference in tertiary interactions between stems and loops [33] . The difference of the sizes of stems and loops, as well as the types of interaction between them, mean that pseudoknots represent a structurally diverse group. It is necessary that they play diverse roles in biology such as forming the catalytic core of various ribozymes [24] and self-splicing introns [3] , and altering gene expression of many viruses by inducing ribosomal frameshifting [30] . The generated leading rule is a novel point of this paper because this assists in not only understanding the properties of stems and loops, but also providing an intuitive and quantified comparison to their difference. Rule 2 can be a supplement to demonstrate the difference between stem 1 and stem 2. Looking at rules 6-11, there is apparent bias of base composition in the loops of H-pseudoknots. The facts of adenine-rich in loop 3 and uracil-rich in loop 1 are coherent with results of [1] , [2] , [21] .
The remaining rules in Table 7 are novel and can be classified into two categories in terms of different purposes. Rules 12 and 13 describe the correlations between pesudoknot categories and the size of stems. Rules 14, 15, 16, and 17 describe the associations between pseudoknot classes and the base composition in stem 1. Especially, the associations between size and class, the associations between base composition and class, and the ratios between stems or loops have not been reported by previous pseudoknot studies.
Looking at rule 12 and rule 13, the pseudoknots of mRNA favor six base pairs in stem 1, but peak at seven base pairs in stem 2. Such rules can be viewed as a secondary evidence in determining pseudoknots' categories, predicting the size distribution of specific class of pseudoknots and understanding the association between structure and function. Looking at rules 14, 15, 16, and 17, they show that stem 1 of mRNA has a high percentage of adenine rather than cytosine, guanine and uracil.
In a similar way, we can predict the size distribution and base composition for other pseudoknot categories, such as other viral 3 0 -UT R and viral tRNA-like structure in Table 5 . The pseudoknots of other viral 3 0 -UT R favor three base pairs, six base pairs, one base pair and three base pairs in stem 1, stem 2, loop 1, and loop 3, respectively. Such rules can be viewed as a secondary evidence in determining pseudoknots' categories, predicting the size distribution of specific class of pseudoknots and understanding the association between structure and function. Looking at its dependencies regarding base composition, they show that stem 1 of other viral 3 0 -UT R has a high percentage of guanine rather than adenine, cytosine, and uracil. Although the other viral 3 0 -UT R has the same percentages of uracil and cytosine as guanine, the support of guanine in the dependency is a little higher than the percentage of uracil and cytosine in stem 1. Thus, we determine that the stem 1 of other viral 3 0 -UT R is guanine-rich. The observation is consistent with reports that GC-rich stem 1 (many DNA sequences carry long stretches of repeated G and C which often indicate a gene-rich region) presents resistance to chemical cleavage. This makes stem 1 appear to be remarkably stable. On the other hand, there is a preference for the G in the 5 0 end of the stem [34] and a number of pseudoknots with G-rich stretch may be more effective in frameshifting [20] . Looking at the dependencies regarding base composition of loops, we cannot obtain the rules between L 1 and adenine and between L 1 and cytosine due to insufficient support from the current data set.
Looking at the dependencies of viral tRNA-like structure, it also peaks at three base pairs of stem 1 and three base pairs of loop 3 as other viral 3 0 -UT R, whereas it favors three base pairs of loop 1 and five base pairs of stem 2. As to the base composition of viral tRNA-like structure, it has a high percentage of cytosine of stem 1, high percentage of uracil of stem 2, high percentage of uracil of loop 1, and high percentage of adenine of loop 3. As mentioned above, stem 1 is stabilized due to abundant G-C base pairs. A stable pseudoknot structure is important for both aminoacylation and transcription. Moreover, GC-rich stem 1 rather than A-U rich may increase the transcription efficiency. It was reported that the mutation in stem 1 by changing specific G-C base pair into an A-U base pair reduced the transcription efficiency [12] . These features may help explain the reports of flexible tertiary contacts between stems and loops. Thus, the results in this paper not only discover the structural properties of RNA pseudoknots in specific organisms, but also aid in understanding structure-function relationships in RNA molecules.
Looking at the last two rules in Table 7 , most stem 1 in a pseudoknot that plays a role in translation regulation usually, has three base pairs by rule 18. This may indicate that efficient translation control depended upon the presence of a close three base pair; pseudoknots with a shorter or longer stem 1 were either nonfunctional or had reduced translational efficiency. Rule 19 represents the percentage of adenine of stem 1 in a pseudoknot for translational regulation peaks at 20 percent to 30 percent. In comparison with the compositions of guanine, uracil, and cytosine in stem 1, such stem 1 has a high percentage of uracil.
These observations also indicate that RNA pseudoknots are critical for specific protein binding. A number of proteins bind to a pseudoknot in its mRNA, which result in autoregulation [29] . In the rule groups of mRNA, we can see GC-rich is prevalent. Usually, the major loop is likely to be flexible. However, the stable structures with a flexible major loop also indicate the possibility that they can fold in a precise pattern when in contact with a protein. This may imply a motif in the pseudoknot that may show interaction with specific mRNA. For example, the CUGGG motif in the human prion pseudoknot that was also found in the loop of HIV TAR RNA has been proved to interact with human prion mRNA [28] . Moreover, the structural flexibility (flexible loop and neutral interaction) at helical junctions due to U-rich loop 1 and A-rich loop 3 may be important for proper telomerase function and regulation of protein binding.
In particular, Fig. 2, Fig. 3 , and Fig. 4 present novel and significant ratios of stems and loops, which may have relation to functions. We observe that the ratio of S 1 =L 1 peaks at the interval [1, 2) . Its number decreases in the consequent intervals. This phenomenon can be seen in both frameshifting-related and translation controlrelated RNA pseudknots. We also observe similar discipline with respect to S 2 /L 1 , S 1 /L 3 , and S 2 /L 3 . As we know, the folding of a RNA pseudoknot requires that loops span the helix of stems. If we altered the length of stem 1 or loop 1, it is possible that the consequent change in ratio of stem length to stem helix length may have an effect on function efficiency. A further understanding of these ratios needs to be demonstrated in future biological experiments.
Furthermore, we can predict some novel correlations from the obtained association rules. For example, as for rule 18, if we find any pseudoknot whose stem 1 peaks at three base pairs, we may predict its functions according to rule 18 in Table 7 . Thus, the newly generated association rules can be used to complement the prediction of pseudoknots' functions. We may also predict the function of pseudoknots in terms of the rules like rule 19. For example, if we find a pseudoknot whose stem 1 is cytosinerich and favors 20 percent to 30 percent of adenine, it may be translational regulation relevant. In practice, we may need to consider the composition of other bases together to enhance its reliability. The experimental results demonstrate that our approach not only can discover meaningful biological patterns but also can facilitate the analysis for biologists by purposely controlling the number of interesting patterns.
CONCLUSION AND DISCUSSION
As an important functional structure, the pseudoknot is more highly constrained by nonlocal base pairs and presents specific three-dimensional geometries. Such nonlocal contacts make pseudoknot problem NP-complete. A number of pseudoknot algorithms [13] , [26] have been developed but searched for only a subset of pseudoknots.
Many algorithms have been developed to identify correlations. However, they may either generate a large number of rules or miss interesting rules due to inappropriate threshold. This may prevent us from selecting the most significant knowledge. It is inflexible for users to find the top-ranked rules in a specific group and compare with each other. In particular, unlike general data, the genome data contain not only the sequence data but also structural information. Thus, it is important to develop methods to address these critical issues.
We have focused our attention here on the interpretation of the most significant rules in each specified rule group. If more rules are considered together, a further understanding of pseudoknot's structure and function can be achieved. Moreover, we may need to seek more data to support some rules with lightly weak support from current pseudoknot data. We did not touch the biased base composition at the end (3 0 side) of loop 3 and at the start (5 0 side) of loop 3. It may be an interesting problem to interpret the tertiary interactions between loops and the grooves helices, such as why a loop interacts more with the minor groove of a stem, or why a loop interacts less with the major groove of a stem. The rules about function indicate that a shorter or longer stem or loop, or a stem or loop with irregular base composition may make pesudoknots nonfunctional or have reduced function efficiency. We attempt to generate new knowledge by the combination of rules. Extending this idea to more complex and more realistic scenarios is therefore desirable, but it would require a large data set and evaluation of their soundness.
This paper aims to analyze increasingly available RNA pseudoknot data and identifies interesting patterns from PseudoBase. The obtained rule groups reveal the structural properties of pseudoknots and imply potential structurefunction and structure-class relationships in RNA molecules. Moreover, the interpretation of rules demonstrates their significance in the sense of biology.
